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Abstract
Managing coastal flood risks involves selecting a portfolio of different
strategies. Analyzing this choice typically requires a model. State-of-the-
art coastal risk models provide detailed regional information, but they can
be difficult to implement, computationally challenging, and potentially in-
accessible. Simple economic damage models are more accessible but may
not incorporate important features and thus fail to model risks and trade
offs with enough fidelity to support decision making. Here, we develop a new
framework to analyze coastal flood risk management. The framework is com-
putationally inexpensive yet incorporates common features of many coastal
cities. We apply this framework to an idealized coastal city and assess and op-
timize two objectives using combinations of risk mitigation strategies against
a wide range of future states of the world. We find that optimization using
combinations of strategies allows for identification of Pareto optimal strategy
combinations that outperform individual strategy options.
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1. Introduction
Communities have used dikes (or levees) to protect coastal areas from
floods for centuries. In the Netherlands, for example, dikes have been used to
protect small regions since the 13th century (Gerritsen, 2005). The presence
of dike rings surrounding low areas was so prevalent that the Dutch language
has a word for it, ‘polder,’ which has come into English usage as well (Steven-
son, 2010). Numerous other defensive strategies are available to reduce the
risk of storm surge. These risk mitigation strategies have advantages and
disadvantages impacted, for example, by where the strategies are considered
or how they appeal to different stakeholders. These strategies can include
insurance, preservation or enhancement of natural barriers, construction of
physical barriers across waterways, installation of active measures such as
pumps, adoption of zoning restrictions, withdrawal or relocation of develop-
ment, physical alteration of buildings, and resiliency improvements (FEMA,
2011; de Blasio and Bruno, 2014).
Regardless of which strategy or combination of strategies is considered,
policymakers require a means of assessing the needed level of protection and
evaluating the performance of candidate strategies in terms of often divergent
stakeholder objectives (Groves et al., 2016). Prior to 1953 in the Netherlands,
the predominant practice had been to establish dike height based on the
highest previously observed flood levels plus a three foot safety margin (van
Dantzig, 1956; Battjes and Gerritsen, 2002).
Today, a common approach to establishing flood protection levels is based
on a return level, the estimated height that is expected to be exceeded for a
specified probability of occurrence. In the United States, the 100-year return
level is used for this purpose and has led to the widespread use of ‘base
flood’ in reference to the expected water level to be reached or exceeded with
a 1% probability in a given year. The US government uses ‘base flood’ to
set policy (US CFR 725 Executive Orders 11988, 1988, 2015; FEMA, 2015;
Bellomot et al., 1999). Recently researchers and policymakers have expressed
concerns about the adequacy of this standard and the efficacy of current
implementation of the standard (Highfield et al., 2013; Galloway et al., 2006;
Wing et al., 2018).
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Other approaches to estimating flood risks and establishing flood safety
measures are possible. In January of 1953 in the Netherlands, a winter storm
generated a storm surge, subsequently named the “Big Flood,” that caused
extensive damage and killed 1,836 people (Gerritsen, 2005). In response, the
government formed the Delta Commission, which turned to the Dutch math-
ematician David van Dantzig (van Dantzig, 1956; Gerritsen, 2005; Zevenber-
gen et al., 2013). He approached the problem from both a statistical and
economic perspective. On the statistical side, he examined historical tide
gauge data to estimate the probability that a given flood height had been
exceeded. On the economic side, he considered the current cost of construct-
ing a dike and the corresponding net present cost of future damages that
should be expected. The sum of these two quantities is the net present cost
of the strategy. Minimizing this net present cost results in an economically
optimal risk reduction strategy that sets an economically optimal dike height
(van Dantzig, 1956).
Researchers have subsequently improved ‘van Dantzig style’ models to
account for parameter uncertainty and improve flood probability models (Sli-
jkhuis et al., 1997; Speijker et al., 2000; Huisman et al., 2010; Oddo et al.,
2017; Wong et al., 2017) and to investigate methods of learning for opti-
mization of future height adjustments (Kok and Hoekstra, 2008; Garner and
Keller, 2018). However, several assumptions limit the utility of ‘van Dantzig
style’ models. For example, ‘van Dantzig style’ models are restricted to eval-
uating a single protection strategy, such as construction of a levee or dike. In
contrast, policymakers today are interested in considering other approaches
to risk mitigation and combinations of different strategies (Ligtvoet et al.,
2012; New York City Special Initiative for Resilient Rebuilding, 2013; Fis-
chbach et al., 2017). A second example of ‘van Dantzig style’ model limita-
tions is their simplifying assumptions that dike cost is proportional to height
and damage due to flooding is zero until levees are breached or over topped,
at which point 100% damage occurs (van Dantzig, 1956). These may be
reasonable approximations for traditional dikes protecting flat terrain in the
low polders found in the Netherlands but are a poor representation of many
major cities located on a rising coast or hilly terrain.
Another potential weakness of a ‘van Dantzig style’ model is its focus
on a single objective: the discounted expected total cost. The stakeholder
community impacted by flood events and affected by flood risk mitigation ef-
forts is large and diverse, with correspondingly diverse values (Harman et al.,
2015; Bessette et al., 2017) associated with multiple and often conflicting sets
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of objectives (Harman et al., 2015; Porthin et al., 2013; Oddo et al., 2017).
Unfortunately, estimated base flood levels or dike heights do not allow
city planners to evaluate changes to damage associated with surge heights
above the selected return level. Additionally, return periods for these esti-
mated levels are typically long compared to the record of surge observations
available (Grinsted et al., 2012, 2013; Mene´ndez and Woodworth, 2010; Ceres
et al., 2017; Lee et al., 2017). This relative sparsity of data leads to large
uncertainties surrounding estimates of long-period return levels (Coles, 2001)
and the potential for bias in estimating extreme event risks using common
extreme value analysis methods (Coles et al., 2003; Ceres et al., 2017).
Researchers have developed more complex methods and models for as-
sessing various aspects of storm surge risk. Superstorms Katrina and Sandy
have motivated substantial investments in storm surge protection for both
the New Orleans and New York City metropolitan areas, respectively (Fis-
chbach and Rand Gulf States Policy Institute, 2012; Aerts et al., 2013; Groves
et al., 2016; Aerts et al., 2014). The magnitude of proposed investments jus-
tified extensive, site-specific research on both future storm surge risk for
these broad geographical regions and for evaluation of several proposals to
mitigate that risk. To support these efforts, researchers have developed state-
of-the-art storm surge modeling frameworks. These frameworks incorporate
hurricane track and intensity prediction models driving hydrological storm
surge models, incorporate site-specific bathymetry and geography, that in
turn interact with local topography and potential defensive measures to gen-
erate simulated inundation levels over a wide area. These inundation levels
are then matched to detailed demographic data and damage models to pro-
duce area wide and location specific estimates of economic impact (e.g. Kerr
et al., 2013; Taflanidis et al., 2013; Flowerdew et al., 2010; Orton et al., 2012;
Fischbach and Rand Gulf States Policy Institute, 2012; Aerts et al., 2014).
These models assist decisionmakers and stakeholders exploring the specific
impacts of a storm surge risk mitigation strategy because the models realis-
tically quantify storm surge damages that can be expected for a given set of
storms.
In New Orleans, for example, the Coastal Louisiana Risk Assessment
(CLARA) model was developed to estimate flood extent, associated flood
depths, and resulting damages for the entire Louisiana coastal region (Fis-
chbach and Rand Gulf States Policy Institute, 2012; Johnson et al., 2013).
Policymakers can use this approach to evaluate the effectiveness of several risk
mitigation strategies in response to specific storms over the modeled region.
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For instance, given five storm surge barrier options for Lake Pontchartrain,
the CLARA model was recently used to evaluate the reduction in storm
surge damage across 15 counties against 77 storms (Fischbach et al., 2017).
In many cases, ‘CLARA style’ frameworks couple several computationally
expensive models. For instance, CLARA uses the Advanced Circulation
(ADCIRC) and the Simulating Waves Nearshore (SWAN) models to develop
water and wave height levels throughout the study region. Computationally,
these models have long run times that limit the analysis to relatively few
storms and tracks (Fischbach et al., 2017). Hence, using this approach to
evaluate the effectiveness of multiple risk mitigation strategies against the
full range of possible future storms can be computationally unfeasible. This,
then, influences the selection of optimal mitigation strategies. Additionally,
the expense associated with creating similar models for other regions will
exceed the resources available to many communities.
Storm surge models of ‘intermediate complexity’ have been developed and
can serve an important role in evaluating storm surge risk. As one exam-
ple, a simplified hydrodynamic model was developed to calculate inundation
levels for the Bay of Bengal (Lewis et al., 2013). Another study used a sim-
ple statistical model of storm surges coupled to a digital terrain model and
gridded demographic information to assess the impact of sea level rise on
Copenhagen’s risk of catastrophic storm surge (Hallegatte et al., 2011). A
third example utilizes a statistical model of storm surges coupled to a model
that simulates the evolution of barrier islands, which, in turn, is linked to an
agent based economic model that predicts the performance of resort areas
dependent upon those barrier islands (McNamara and Werner, 2008; McNa-
mara and Keeler, 2013). However, these models are location specific, and
are limited in their ability to analyze multiple strategies. As such, the use of
intermediate complexity models is infrequent.
The gaps in storm surge modeling complexity and usage suggests a need
for a new framework with different modelling capabilities. Here, we develop
the island City On a Wedge (iCOW), a model framework that bridges the gap
between ‘van Dantzig,’ and ‘CLARA style’ modeling approaches. Using an
idealized geography of a city situated on a rising coastline, such as Manhat-
tan show in Fig. 1, the model simulates the increasing damage that occurs
with larger storm surges and the distribution of those damages across the
city. The iCOW framework can be used to evaluate combinations of multiple
risk reduction strategies such as insurance, preservation or enhancement of
natural barriers, construction of physical barriers and sea-gates across wa-
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terways, installation of active measures such as pumps, adoption of zoning
restrictions, withdrawal or relocation of development, physical alteration of
buildings, and resiliency improvements. We demonstrate the utility of this
model by evaluating combinations of withdrawal, building resistance, and
dikes by evaluating several objectives over differing time scales. These objec-
tives can include investment cost, investment timing, median or maximum
annual storm surge damage, or the distribution of damage within the city.
The framework is flexible enough to incorporate other effects such as eco-
nomic loss associated with withdrawal strategies or potential value shifts
associated with construction of levees or dikes.
Figure 1: An aerial view of the South Street Seaport area of Manhattan, NY that inspired
iCOW. The elevation change from South Street to the Fulton subway station (upper right)
is approximately 7 meters. Courtesy Google Maps. (Maps data c©2018 Google).
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iCOW requires much less run-time than the CLARA model. As a re-
sult, iCOW is capable of evaluating the efficacy of multiple combinations of
storm surge risk mitigation strategies over a wide range of potential futures.
While computationally inexpensive, iCOW improves upon ‘van Dantzig style’
models in several important respects. The framework incorporates typical
characteristic features of coastal cities, features intended to improve its over-
all fidelity. As a result, the iCOW framework can extend insights gained from
‘CLARA style’ models by evaluating many more combinations of defensive
strategies against many potentially divergent objectives, and over a wider
range of future risk scenarios. This additional potential insight, however,
is limited to a much narrower spatial range (limited to a single community
of relatively uniform characteristics) and may provide a less realistic repre-
sentation of specific future outcomes such as the precise amount of damages
expected from a specific storm. The iCOW’s lower complexity and more lim-
ited spatial extent allows for coupling with Multiple Objective Evolutionary
Algorithms (MOEA) to optimize complex combinations of risk mitigation
strategies evaluated against multiple and potentially divergent objectives of
interest to stakeholder communities.
Because the iCOW framework is largely self contained and does not
demand high resolution geospatial information (such as bathymetry data,
topography, ground coverage or utilization), it is considerably easier and
less expensive to implement for a particular coastal community compared to
‘CLARA style’ models.
The remainder of this article explains the general characteristics and fea-
tures of the iCOW framework in terms of an XLRM framework (Lempert
et al., 2006), describes the iCOW computational environment and experi-
mental design, presents example applications, and discusses results and con-
clusions.
2. iCOW XLRM framework
We describe the iCOW framework using the XLRM framework for robust
decision making (Lempert et al., 2006). Fig. 2 shows the logical relation-
ships between exogenous factors (X), model strategy levers (L), modeling
relationships (R), and performance metrics (M). Exogenous factors (X) are
characteristics of the simulated city environment that are fixed from the per-
spective of decisionmakers and stakeholders. Levers (L) simulate the actions
that decisionmakers can implement to affect the city’s response to storm
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surge. Metrics (M) define outcomes that are of potential interest to different
stakeholders. Relationships (R) represent the model logic implemented to
simulate the city response in terms of metrics that result from a particular
combination of exogenous factors and lever settings.
Figure 2: Top level iCOW model XLRM diagram. External factors (X) in green, levers
(L) in red, Relationships (R) in blue and performance metrics (M) in black. Investment
cost, damage, and net cost are considered in this article, but other metrics, such as the
incidence of large threshold events, nuisance events, or breach events are possible.
For this article, and to demonstrate the capabilities of the iCOW frame-
work in general, we use many simplifying assumptions regarding the modeled
city’s characteristics. The iCOW design and associated parameterizations
are intended to represent the general qualities and behaviors of the XLRM
components described below. Peer reviewed literature and quantified data
for these categories are often not available (and require justification as dis-
cussed below.) Additionally, location specific information relevant to XLRM
categories (e.g., Dike construction costs) often varies substantially from lo-
cation to location. Similarly, the simplified topography and demographics
of the modeled city (e.g., the regular wedge shape geometry of the modeled
community) are intended to be representative of a generic coastal commu-
nity rather than any particular site. iCOW framework results are sensitive
to these simplifying assumptions and representative and generic parameter
settings.
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2.1. Exogenous factors
Within the XLRM framework (Lempert et al., 2006), exogenous factors
represent any condition that has an impact on the output metrics that cannot
be changed by decisionmakers or stakeholders. For this article, the primary
exogenous factors are the initial city parameters and the sequence of storms
that will impact the city. We incorporate other exogenous factors as model
parameters (e.g., the per volume cost to construct a dike or the height of the
city seawall) (see supplemental table Appendix C for full details).
2.1.1. Surge simulation
Storm surges are simulated as annual highest surge heights generated
from a nonstationary generalized extreme value (GEV) model such that the
100-year storm surge is increasing at a rate of one meter per century due to
an increase in both the location and scale parameters (Ceres et al., 2017).
Some storm surges generated in this manner may be larger than physically
plausible. Storm surges used for this study are clipped such that surge heights
exceeding a threshold are capped at the threshold. We use a thresholds of 12
m for the first year and increase by 0.01 m per year thereafter. This threshold
is chosen as a compromise between the goal of accounting for the full range
of risk exposure based on the statistical model used to generate the surges
and the desire to provide fidelity to physical reality.
We use 5,000 realizations of 50-year sequences of storm surges for all
examples discussed in this article. This number represents a compromise
between computational efficiency and stable results. See the supplemental
materials, (section Appendix B), for additional figures and discussion on the
number of realizations used.
2.1.2. Initial city characteristics
Many cities (e.g. Boston, NYC, or San Diego), are situated at the water’s
edge and consist of a gradually rising terrain. In these cases, higher surge
levels will result in larger areas and greater depths of inundation. The water-
front areas in these cities (such as Manhattan, New York City, NY, Fig. 1)
are often densely packed with tall buildings. iCOW simulates an island city
situated on a rectangular wedge. The most prominent characteristic of the
iCOW city is the gradually rising elevation of the city with distance from the
city’s lowest waterfront (Fig. 3). The city terrain is elevated from the normal
water level by a seawall. iCOW buildings are uniformly tall and higher than
the highest potential surges.
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Damage to buildings accrues based on the volume of the building flooded.
Buildings have a basement volume that floods completely when water reaches
the level of the building. Based on volume, real estate value is initially
assumed to be constant regardless of building height or location relative to
the waterfront. In the simplest configuration, city value and density are
uniformly and continuously distributed from water’s edge to the highest city
elevation. As defensive strategies are added, this value density may change.
The addition of defensive strategies divides the city into zones of different
damage vulnerabilities as described below.
2.2. Strategies and Levers
As discussed in the introduction, numerous defensive strategies are avail-
able to mitigate storm surge risk. For this study, we consider one fixed and
three adjustable defensive strategies that can be implemented to varying de-
grees and in combination. The fixed defensive strategy is the presence of
a seawall around the city. The three adjustable defensive strategies are: i)
withdrawal from at-risk areas, ii) improving resistance to damage, and iii)
construction of a dike. All strategies are assumed to be implemented uni-
formly across the width of the city parallel to the coastline (see Fig. 3 a).
Within iCOW, levers are the mechanisms by which defensive strategies are
implemented.
2.2.1. Seawall
The iCOW design assumes an existent seawall of fixed height surrounding
the city. No damage occurs to the city as long as surge heights are below
the level of the seawall. When surge height exceeds the seawall, the height of
water that affects the city is equal to the amount of excess and an additional
height caused by wave run-up. For this study, there is no option to increase
the seawall height, thus iCOW does not include seawall height as a lever.
2.2.2. Withdrawal
The first iCOW adjustable strategy is to specify withdrawal from re-
gions of the city below some withdrawal height and relocation to the city’s
higher levels. This height is the single withdrawal strategy lever. An actual
withdrawal strategy implemented in a city such as New York might involve
relocating individual buildings at very low elevations that are the least resis-
tant to flood damage. In the model, all unmodified buildings have the same
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Figure 3: The overall topology of the iCOW model is shown in panels a and b. In Zone
0 (black) city infrastructure is relocated to higher elevations, thus no damage accrues. In
Zone 1 (magenta), buildings are resistant to surge damage to a specified elevation. If this
elevation is lower than the dike base height an unprotected area, Zone 2 (grey) exists.
Zone 3 (orange) lies between the dike base height and the dike height and is protected
by the dike. Damage will only occur if the dike fails or is over topped. Zone 4 (green),
the city heights, extends from the dike top elevation to the highest area of the city and
is unprotected. Damage curves for each city zone (by color) and the total city damage
(black) are shown in panel c. Curves are generated using iCOW to evaluate a combined
strategy against a range of surge heights. In the dike protected area (zone 3 in orange),
damage accrues at a very low rate for surges below the dike height unless the dike fails or
is overtopped. Instances of dike failure are indicated by the damage spikes in this section
of the figure.
resistance to flooding damage, thus the most vulnerable buildings are uni-
formly located at the lowest elevations. In the modeled withdrawal strategy,
it is this lowest fractions of building volume (without regard to individual
buildings) that is withdrawn as withdrawal height increases. This modeled
representation seems reasonable so long as the area of the city relocated
(the withdrawal height) remains low. As the withdrawal height increases,
the fidelity of the modeled withdrawal strategy to an actually implemented
strategy would be expected to decrease. In iCOW, we model this reloca-
tion of the lowest elevation buildings by creating a zero value zone (zone 0)
and redistributing the value that had been contained in that zone over the
remaining area of the city, subsequently and uniformly increasing the value
density in the remaining city area.
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2.2.3. Resistance
The second adjustable strategy is implementation of resistance to dam-
age for the lowest portions of buildings, which are most exposed to flooding.
There are two levers associated with this strategy. The first lever, resistance
height, R, is a specified height above the withdrawal height. Below this level,
buildings are modified to increase their resistance to flood damage. Imple-
menting resistance creates a resistant zone (zone 1). The upper extent of
zone 1, in terms of the city elevation, is constrained by the lower of the re-
sistance height or by the location of a dike base. Building volume flooded
below the building’s resistance height is subjected to less damage than non-
resistant buildings. The percentage P of resistance to damage (compared
to the non-resistant damage) that results in resistant sections is the second
lever resistance strategy lever. Flooded volumes above the resistance height
are subjected to damage at the nonresistant rate.
2.2.4. Dikes
Construction of a dike is the third strategy considered for this study. As
with implementation of the other strategies, we assume dikes are constructed
parallel to the shoreline. Because iCOW is modeled as a wedge shaped island,
the dike must have sections on either end of the dike to keep surges from
flowing around the sides of the dike. iCOW dikes greatly reduce flooding
damage to buildings located behind them unless they fail or are overtopped
(discussed further in section 2.4.3). Two levers implement the dike strategies.
The first lever is the elevation of the dike base, B, above the withdrawal
height. The second lever is the height of the dike, D. The area behind
(above) the dike base but below the dike top are protected by the dike and
define zone 3.
2.2.5. Strategy combinations
iCOW can simulate simultaneous implementation of these three strategies
through the simultaneous operation of the five model levers. The levers are
summarized in Table 1.
The relationship between strategy levers and resultant zones is illustrated
in Figs. 3a and 3b.
2.3. Metrics
Implementing storm surge mitigation strategies has many consequences,
and the importance of these consequences may vary among different stake-
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Table 1: Levers
Variable Name Description
W
Withdrawal
height
height from the seawall below which all
structures are relocated
R
Resistance
height
height from W that structures are resistant to
damage
P
resistance
Percent
percentage reduction achieved in resistant city
volume
D
Dike
height
height of a dike measured from the dike base
B
dike
Base
elevation of the dike base measured from W
holders. To the extent that these consequences can be measured, there are
many possible metrics associated with risk mitigation performance. As ex-
amples, these could include implementation costs, maintenance costs, the
cost to repair buildings damaged by flood, the direct or indirect economic
damage associated with storm-driven changes to the economy, damage to im-
portant city infrastructure, probabilities of nuisance flooding, the probability
of catastrophic events, or even deaths. Some consequences may be more dif-
ficult to model, such as a strategy’s impact on a community’s city character
and culture. iCOW is able to calculate many metrics corresponding to the
objectives of many different stakeholders. To simplify the illustration of the
impact of allowing for multiple strategies and levers, we examine three met-
rics: implementation cost, expected damage costs, and the total cost, which
is the sum of investment cost and expected damage cost.
2.4. Relationships
Within an XLRM modeling framework, relationships convert exogenous
factors and lever settings into metrics. In this section, we discuss the rela-
tionships between exogenous factors, lever settings, and the cost and damage
metrics for each strategy.
In general, iCOW model metrics, including cost and damage, are based
on volume of the city effected. In the most basic case, where no strategies
are implemented, cost is zero and damage will be proportional to the value
density of the area flooded and the building volume flooded.
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Actual building damage from storm surges in general increases with ex-
posure to higher water levels but is also affected by other factors such as
wave action, flow velocity, and duration of inundation (FEMA, 2011, 2015).
For simplicity, we model damage based on storm surge height. The actual
damage function for particular buildings, however, varies by building usage,
construction type, and more broadly, by regional location (Prahl et al., 2018).
The iCOW framework adopts a generic damage model where, in an unpro-
tected state, damage to a structure starts occurring when the water level
exceeds the building base elevation. At that level, a set damage occurs as-
sociated, for instance, with basement flooding. Above this level, additional
damage is proportional to the volume of the building flooded. When calcu-
lated in this way, the damage function, which emerges for aggregated areas
of the iCOW city, will align with other research into damage functions for
urban areas (Prahl et al., 2018). This basic relationship is modified by the
employment of strategy levers as discussed below.
2.4.1. Withdrawal costs and damage relationships
Conceptually, for a given building, iCOW withdrawal cost can be thought
of as the total cost to acquire a new building at a higher location, the cost
to relocate, and the cost to remove the old structure. The cost to implement
a withdrawal strategy is based on the area to be relocated, the value density
of that area, and the total remaining area in the city available for relocation.
A fraction of the displaced infrastructure will relocate outside the city. The
cost to implement withdrawal, Cw, is
Cw =
vi ∗W ∗ fw
city height−W , (1)
where vi is the initial city value, and fw is a factor intended to adjust for any
local conditions (such as the presence of historic buildings, or heavy industry
facilities), as well as relocation and demolition costs that might make it more
or less expensive to relocate.
The value of the city after withdrawal, vw, is
vw = vi ∗
(
1− fl ∗W
city height
)
, (2)
where fl is the faction of infrastructure that will leave rather than relocate
within the city.
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Once withdrawal is implemented, no damage will occur to city areas below
the withdrawal height, W (zone 0). Above this height, city density is higher
and damage will therefore be proportionally higher per volume when surge
heights reach the levels above the withdrawal area.
2.4.2. Resistance cost and damage relationships
Modifying buildings to be completely invulnerable to storm surge dam-
age is generally infeasible due to increasing costs, and costs vary based on
building type and materials. Intuitively, the cost of implementing resistance
should rise as the percentage of resistance, P, incorporated increases, and
this cost increases sharply as resistance approaches 100%. We model this
characteristic cost structure using a linearly increasing resistance cost (cR)
per unit value until a threshold percentage is reached. As resistance percent-
age increases above this value, we add an exponentially increasing term that
increases sharply as resistance percentage approaches 100%, so that the cost
fraction of resistance with respect to P (fcR) increases according to
fcR = flin ∗P +
fexp ∗max(0,P− threshold)
(1−P) , (3)
where flin is a factor that controls the linear rate of increase in cost at low
percentage increases and fexp is a factor that controls the exponential rate of
increase.
At low percentages, increasing the percentage resistance to damage re-
sults in a linear increase in cost. As resistance percentage increases above a
threshold and approaches one (where building volume would be completely
invulnerable to surge damage), cost per volume increases sharply such that
increasing resistance fraction to one would be infinitely costly.
We assume that the total cost of implementing resistance increases at this
rate in proportion to the volume being made resistant, but because the width
and slope of the city is constant, the relationship can be greatly simplified
and expressed solely in terms of elevation changes. In cases where resistance
is not constrained by the presence of a dike, resistance cost is
cR =
vw ∗ fcR ∗R ∗ (R/2 + b)
h ∗ (city elevation−W) , (4)
where b is the representative basement depth, and h is the the city building
height. In this case, there will be an unprotected zone 2 in front of the dike.
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When the resistance zone 1 is constrained by a dike (i.e. R is higher
than B,) then there is no zone 2 and the areas behind the dike are in the
area protected by the dike, zone 3. No resistance is incorporated behind the
dike regardless of the resistance height R. When zone 1 is constrained by the
presence of a dike, the resistance cost is given by
cR =
vw ∗ fcR ∗B ∗ (R−B/2 + b)
h ∗ (city elevation−W) . (5)
In the resistant area (zone 1), damage is reduced by the resistance fraction for
resistant volumes flooded. When flooding exceeds the resistance height, ad-
ditional damage accrues at the normal, nonresistant rate for volume flooded
above the resistant height.
2.4.3. Dike cost and damage relationships
Empirical data and peer reviewed literature on dike costs is sparse and
indicates a wide range of dike construction costs (Jonkman et al., 2013), thus
we make several simplifying assumptions with the aim of modeling the generic
case that could be modified as needed to match the particular circumstances
of an actual coastal community. Real dikes have sloped sides, or, when
they have a constant width profile with respect to height, D, require greater
strength at the base compared to the top of the dike. Therefore, with all
other factors being equal, taller dikes are more expensive than shorter ones
(Zhu and Lund, 2009; Jonkman et al., 2013). iCOW currently models all
surge barriers as having sloped sides. iCOW dikes have sloped sides, and a
flat top, thus the volume of a dike increases approximately geometrically with
height. Dikes are modeled as perpendicular to the waterfront. Because the
city is modeled as a wedge shaped island, and to prevent surges from flowing
around the edges of the dikes, iCOW dikes are U shaped. Therefore, the
overall length of a dike will increase, based on the additional length of dike
required to be constructed on the sloping sides of the city. These portions
of the dike are irregular tetrahedrons. Because the city slope, S, is low, the
length of the wings is long compared to the dike height which allows for
the simplifying assumption that dike wing lengths at the top and bottom
of the dikes are equal. iCOW modeled dike cost is proportional to volume.
Additionally, large scale projects such as dikes typically incur a fixed startup
cost, which reflects the costs necessary to plan, design, and approve projects,
cost to acquire and prepare dike sites, and to make the initial and wrap
up costs for large scale projects that are dependent on site location and dike
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height or volume (Zhu and Lund, 2009; Jonkman et al., 2013). For simplicity,
we emulate start up cost as a fixed additional height.
Dike volume (Vd) used to calculate cost is based on the a height h (which
is the sum of the design height and a fixed initial startup height), city width,
Wcity, dike top width, wd, slope of the dike sides, s, and slope of the city, S,
according to
Vd = Wcityh
(
wd +
h
s2
)
+
1
6
[
− h
4
(
h + 1
s
)2
s2
− 2h
5
(
h + 1
s
)
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− 4h
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s2S4
+
4h4
(
2h
(
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s
)− 4h2
s2
+ h
2
s2
)
s2S2
+
2h3
(
h + 1
s
)
S2
] 1
2
+ wd
h2
S2
. (6)
As a result, startup costs will be larger but account for a lower percentage
of total costs for taller dikes. The iCOW model specifies dikes based on the
location of the dike base relative to the withdrawal height and the height of
the dike from the dike base. Cost of the dike, cD, is calculated by multiplying
dike volume, Vd from equation (6) with the per cubic meter cost of the dike,
cdpv, to yield
cD = Vd ∗ cdpv. (7)
The resultant dike height to cost profile is shown in supplemental Fig. A.6.
When dikes function properly and when they are not overtopped, they
greatly reduce the damage in the protected zones. Dikes, however, will fail
when they are overtopped, and they may fail for a variety of reasons prior
to water levels exceeding their design protection heights (Tobin, 1995; Apel
et al., 2004; Sills et al., 2008). Example reasons for failure include: improper
design, incorrect operation, inadequate maintenance, or foundation erosion.
iCOW represents this nonzero probability of failure with a low fixed proba-
bility of failure at all surge heights (hsurge) below a high percentage of the
dike height. Above this threshold, tdf , probability of failure increases linearly
with height until it reaches one at the dike’s design height, when Surge height
is less than the threshold,
pdf =
hsurge − tdf
D− tdf . (8)
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When the dike holds, damage in zone 3 is reduced by a fraction of what
would otherwise accrue in the dike protected zone. If the dike fails or is
overtopped, damage will accrue in the dike protected zone at a rate greater
than the unprotected rate.
2.4.4. Aggregate damages
Damage accumulating by zone for a range of surge heights for one combi-
nation of mitigation strategies is illustrated in Fig. 3b. Damage to each zone
(dZ) is calculated based on the value of the zone V alZ , the volume of the
zone, V olZ , the volume flooded, V olF , and the per volume rate of damage
incurred by flooding based on the strategy implemented in the zone, fdamage,
dZ = V alZ ∗ V olF
V olZ
∗ fdamage, (9)
where V olF depends on both levers and surge height.
iCOW features many permutations of this damage function depending
upon the lever settings, the resulting city zone configuration, and the height
of the surge relative to the heights of the city zones and implemented pro-
tective strategies.
The iCOW model parameters used in this paper are inspired by the situ-
ation in Manhattan in that the building heights are tall relative to potential
storm surges, dikes are inexpensive relative to the assets protected behind
them, there is an existing seawall, and the breadth of the coastline is long
relative to the volume of city protected. The model parameters are easily
customized such that they can represent a particular city with greater fidelity.
Differences between iCOW and ‘van Dantzig style’ models are summarized
in Table 2. At this point, we have presented the iCOW setup and defini-
tions. The implementation is described in section 3.1, results are described
in section 5, and conclusions are summarized in section 7.
3. Methods
3.1. iCOW framework computational description
The iCOW framework consists of two modules, the iCOW module and
a set of multi-objective evolutionary algorithms (MOEA). Together, these
work in tandem to evaluate and optimize multiple risk mitigation strategies.
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Table 2: A comparison of ‘van Dantzig style’ model and the iCOW framework.
‘van Dantzig style’ iCOW model framework
area
protected
polder zones based on protection strategies
protection
strategies
dike withdrawal, resistance, dike
damage
functions
fixed cost upon
dike topping
cost proportional to volume
flooded, taking into account, the
protective strategies implemented.
dike
cost
proportional to
height
proportional to dike volume with
start-up cost
resistance
cost
n/a
proportional to volume of city
protected and dependent on the
fraction of resistance implemented.
withdrawal
cost
n/a
proportional to the area of the city
relocated.
surges
probability of
exceedance
annual max surge based on GEV
3.1.1. iCOW module
We developed the iCOW module in C for computational efficiency. It
consists of one program with two major components executed in sequence.
The first component takes the exogenous factors associated with the initial
baseline city and characterizes the city (in terms of the value distribution,
zones, and damage functions, described in section 2.4) in response to the
chosen strategy lever settings described in 2.2. The costs to implement the
strategy lever inputs and city value changes are iCOW module output met-
rics. The second component takes the city’s value distribution, zones, and
damage functions as inputs, and evaluates the city’s response to the exoge-
nous set of storm surge sequences, described in section 2.1.1, to generate the
remaining module output metrics.
For this study, the defensive strategies are established at time zero, and
hence, the first component to characterize the city is evaluated only once,
and the characteristics for the city are set for all storm surges evaluated. The
impacts of storm surge output metrics can include average cost in dollars over
a time span (as discussed above), flood frequency, dike breach frequency, or
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frequency of events over an unacceptable damage threshold. For this study,
we use both the cost of implementing strategies and the total cost of damages
over 50 years as the input metrics for the MOEA discussed below in sections
3.1.2 and 5.
3.1.2. MOEA module
As more strategies are considered to provide varying degrees of protec-
tion, and as the number of objectives increases, selecting optimal solutions
becomes much more challenging (Hadka and Reed, 2013). Even with a greatly
simplified model (compared to CLARA), selecting the ‘best’ mix of surge risk
mitigation strategies for a given set of objectives is nontrivial. We use the
Borg MOEA to solve the optimization problem because of its high compu-
tational efficiency and easy scalability to parallel computing environments
(Hadka and Reed, 2013, 2015). The Borg MOEA is not a single MOEA
algorithm, rather, it is an auto-adaptive class of high performance MOEA
algorithms based on the evolutionary progress of a population of candidate
solutions (Hadka and Reed, 2013). We use initial Borg population sizes of
200 members. This initial population evolves over one million functional
evaluations to a final larger populations of more than 1,000 members for all
figures in this article. We compared results generated using the Borg MOEA
with solutions generated by the NSGAII algorithm (Deb et al., 2000) and
find consistent solutions.
4. Example Applications
We explore Pareto optimal strategies for protecting cities against future
storm surges. We identify multiple cases with increasing complexity for op-
timization. We start with the relatively simple ‘van Dantzig style’ single
objective, single lever solution (section 4.1). To demonstrate the capabilities
of the iCOW module, we then increase the number of objectives to two and
increase complexity by examining the one, two, four, and five lever cases.
4.1. Single objective optimization
Optimizing ‘van Dantzig style’ models with one lever (dike height) and
one objective (to minimize net present cost) is simple, and in many cases,
can be solved analytically (e.g. van Dantzig, 1956). The iCOW model can be
configured to emulate ‘van Dantzig style’ behavior by varying implementation
of one strategy with the other strategies held constant (i.e. vary dike height,
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but fix withdrawal height, dike setback, and resistance height to zero), and
measuring the net cost that results from every dike height. The optimal
solution that emerges is a single level defined by an optimal dike height and
a resultant net cost (see supplemental section Appendix A for additional
discussion and examples).
Note that a point solution based on lowest net cost may not be realistic.
Decision-makers’ funds available for storm surge risk mitigation investments
might, for instance, compete with funding for mitigation of other risks, or
funding for other economically valuable investments (e.g., education or sports
facilities.) Thus, fully funding a ’van Dantzig style’ economically optimal
level may not be possible. Alternatively, other stakeholders may prefer the
lower variability and uncertainty in future risk over the more tangible current
investment costs. In these cases, being able to examine higher levels of storm
surge risk mitigation investment (in terms of reducing the variability of future
risk) is appropriate.
4.2. Multiple objective optimization with multiple levers
To provide decisionmakers with more options, we increase the complexity
of the problem by incrementally increasing the number of levers to provide
many combinations of strategies and determine Pareto optimal two objectives
solutions. We identify three cases to help illustrate the additional complexi-
ties when optimizing across multiple strategies simultaneously. For the first
case, we compare the cost and risk reduction associated with a dike only
single lever (D) strategy, with a dike height (D) and resistance height (R)
two lever strategy. In the single lever example, a dike can be constructed
at the seawall to any height. The resultant city consists of zones 3 and 4.
In the two lever example, policy makers can either construct a dike or in-
corporate resistance (with a fixed percentage, P). Given the structure of the
iCOW model, the two levers are mutually exclusive. The resultant city then
consists of either zones 3 and 4, or zones 2 and 4.
For the second case, we add two additional levers, dike base location
(B) and resistance percentage (P) and compare results to the first case.
In this four level example, dike height and resistance height are no longer
mutually exclusive. Dikes can be constructed to any height at any location,
and resistance can be incorporated in front of the dike to any height at any
percentage.
For the third illustrative case, we add the additional lever of complete
withdrawal from the lowest city levels, (a five lever example) and compare
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results with the other cases.
5. Results
For the first case, we consider when the only solution available is construc-
tion of a dike. In examining this case with one and two levers (see Fig. 4a),
the iCOW framework identifies an economic barrier to entry situation, when
no optimal solutions emerge as investment level increases until the investment
cost exceeds the dike fixed start-up cost. In this situtation, when the dike
is so low, the increased damages associated with a failed or overtopped dike
exceeds the damages avoided when the dike is not present. Once this dike
investment threshold is reached the framework continues to identify solutions
with taller, more expensive dikes until additional dike height no longer re-
duces damages. Incorporating a resistance option allows policy makers to
identify sensible low cost solutions that substantially decrease storm surge
damage. However, once the dike investment threshold is reached, the optimal
strategy shifts abruptly to increasing dike height. This can be seen in Fig. 4
panel b. Before the transition point, 100% of investment cost is applied to
the resistance strategy, while after the transition, 100% of investment cost is
applied to a dike strategy.
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Figure 4: Optimal two objective (damage and investment costs) risk mitigation strategies
identified by the iCOW framework. Panel a and b shows the one and two lever cases, panel
c and d show the four lever case, and panel e and f show the five lever case. The resultant
Pareto fronts are shown in the left panels (a, c, and e). The right panels (b, d, and f)
are normalized stacked area charts that show the fractional contributions of individual
strategies (indicated by color on the vertical axis) for the corresponding total investment
cost (horizontal axis). The green quarter circles in panels a, c, and e indicate the location
of desired solutions that have both low investment cost and low damages.
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For the second case (with four levers), the optimal strategy combinations
that emerge are superior to the one and two lever examples in that equal or
lower damages can be obtained for any given investment level (see Fig. 4c).
Fig. 4d shows the shift in the percentage of optimal investment for any given
level of investment allocated to each strategy that occurs as the level of in-
vestment increases. At low levels of investment, the optimal strategy is based
solely on implementation of resistance. At higher investment levels, better
performance is achieved using a dike only solution. At the highest considered
levels of investment, the optimal solution consists of combining strategies by
setting the dike back from the seawall and implementing resistance in the
area between the waterfront and dike base.
In the third case (with five levers), the additional withdrawal lever allows
for the identification of further Pareto improvements at the highest invest-
ment levels, as shown in Fig. 4 e and f).
In both the four and five lever cases, jagged fractional contribution are
evident between $30 - $60 billion in Fig. 4 panels d and f. These variations
occur when when the BORG MOEA algorithm identifies diverse solutions
with approximately equivalent trade offs between the two objectives (damage
and investment cost) resulting over multiple combinations of lever settings.
To help visualize the solutions for a given level of investment, we can also
identify the city elevations for the Pareto optimal strategies (Fig. 5 for the five
lever example). At the lowest levels of investment, the lowest cost damage
reduction strategy is to implement resistance into an increasing area of the
city. Once a sharp cost threshold is reached, the Pareto optimal strategy
shifts abruptly to implementation of an increasingly tall dike at the city
seawall. As the amount of investment continues to increase, corresponding
to the objective to further decrease damage, the optimal solution sets the
dike back from the seawall at gradually increasing elevations and with slightly
increasing dike heights. The area between the seawall and the dike is fortified
through implementation of resistance first and then as investment continues
to increase, through a combination of withdrawal and resistance. The jagged
fractional contributions visible in Fig. 4 panel f manifests itself in Fig. 5 as
variations in the city elevations for adjacent (in terms of investment cost)
strategies.
The character of these optimal solutions are highly dependent and sensi-
tive to iCOW model parameters. For instance, very small parameter changes
to the cost of resistance relative to withdrawal and dike costs can result in
surprising and nonlinear changes to the character of the resulting solution
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Figure 5: Dependence of city elevation heights on investment costs derived from the set
of Pareto optimal risk mitigation strategies using five levers and two objectives.
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6. Discussion and limitations
Simple conceptual storm surge damage models may fail to provide suf-
ficient fidelity in simulating storm surge risk mitigation. More complicated
regional storm surge damage models improve upon these simple models in
terms of realism, fidelity, and the area covered, but they can be difficult
to design and implement. Additionally, they are computationally expensive
to evaluate multiple combinations of risk mitigation strategies over a wide
range of future storm surge risks, while considering the differing objectives of
various stakeholder communities. The combination of these drawbacks may
make this approach impracticable for some communities.
We use the iCOW framework to analyze an idealized city designed to
resemble major cities such as New York. Every coastal community, however,
is unique, thus many iCOW assumptions (such as the assumptions regarding
the regular wedge shape, the uniform density, or the high value density of
the island city) and parameters (such as the costs to implement resistance
or the damage functions associated with different zones) will not always be
appropriate. Moreover, local policymakers are likely to have better local
information available as to the proper values for many iCOW parameters.
For instance, local experience in improving buildings to make them more
damage resistant will provide cost information that better reflects local cir-
cumstances. To make iCOW useful to city planners at a specific site, we
must adjust iCOW to reflect city specific characteristics. At a minimum,
such site specific adjustments need to account for the following factors: site
specific projections of storm surges, local economic demographics and their
relationship to the site topography, typical building heights, and adjustments
to damage functions that account for site specific building usage and con-
struction type. Additionally, some simplifying assumptions described in this
paper would probably need to be refined. Examples of these could include
the assumption of uniform city density and value with respect to elevation
from the waterfront, the cost basis for constructing dikes or implementing
resistance, or the simplifying assumption that a single surge level is the best
factor relating projected storm characteristics to damage.
Two objective optimal solutions are sensitive to iCOW parameters as
discussed above, but fully evaluating this sensitivity has not yet been ac-
complished and may be computationally infeasible. Conducting sensitivity
analysis with more than two objectives will likely be even more challenging.
In the course of adapting iCOW to a particular community, a sensitivity
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analysis would be centered on the particular combination of assumptions and
parameters used in simulating the community under study to provide insight
for decisionmakers into critical uncertainties and to focus limited resources
towards understanding and mitigating those uncertainties.
7. Conclusions
We develop the iCOW as a storm surge risk modeling framework of in-
termediate complexity for decisionmakers and stakeholders. The framework
is intended to fill the gap between simple conceptual storm surge damage
models and realistic, but complex and expensive, state-of-the-art regional
storm surge risk modeling frameworks. We demonstrate the capabilities of
the iCOW framework to evaluate and optimize surge risk mitigation strate-
gies ranging from a simple single-objective, single-lever problem to a more
complicated and computationally challenging two-objective five-lever prob-
lem. Decisionmakers can use iCOW to explore a more comprehensive set of
strategies over a wider range of future risk scenarios than previous done with
more complicated regional state-of-the-art models. Insights gained by this
approach, however, will be more limited in geospatial extent (to a single area
of fairly uniform characteristics) and in terms of less realistic representation
of specific future outcomes. Stakeholders can use iCOW to supplement in-
sights gained from those higher complexity models and illustrate trade offs
between conflicting objectives. iCOW provides one degree of spatial resolu-
tion in terms of distance from the waterfront, and thus represents a compro-
mise between the point (single polder) solutions provided by ‘van Dantzig
style’ approaches, and regional gridded results produced by state-of-the-art
frameworks. iCOW is relatively simple to modify and implement, and so it
may be useful to decisionmakers with limited resources, but who nevertheless
need methods to identify, evaluate, and illustrate the multiple trade offs im-
plicit in any storm surge risk mitigation strategy. The iCOW framework can
be easily modified or extended and can be integrated with other modeling
systems such as the Building blocks for Relevant Ice and Climate Knowledge
(BRICK) modeling framework (Wong et al., 2017) to further explore storm
surge risk in a regional or global context.
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Appendix A. ‘van Dantzig style’ model emulation
The iCOW framework is capable of emulating ‘van Dantzig style’ sin-
gle objective optimization. For example, the ‘van Dantzig style’ optimal dike
height for the illustrative city used in this journal is shown in Fig. A.6. While
the emulation produces a single ‘optimal’ dike height and a visually similar
result, there are some differences and the resultant optimal dike heights will
not be equal to those obtained directly from van Dantzig (1956). The iCOW
‘van Dantzig’ emulation shown in Fig. A.6 shows optimization of dike height
with respect to the net cost over a fixed 50 year timespan. The optimiza-
tion performed by van Dantzig did not consider a fixed time interval (van
Dantzig, 1956). His solution comprised an optimal height based on then cur-
rent analysis of tidal records and considering the net present value of both
current investments and damages incurred for the entire span of the future.
(van Dantzig, 1956). The dike cost model used in van Dantzig (1956) is a
simple linear relationship to dike height that incorporates no start up costs.
iCOW dike cost is based on the wedge-shaped geography of the City Model,
the resultant dike volume, and a startup cost as described in section 2.4.3
and equations (6) and (7). The resultant relationship between dike height
and cost is nonlinear.
Fig. A.6 shows a gap between a zero dike height and approximately 0.7
m where no solutions exist. Moreover, Fig. A.6 shows an increase in net
cost between the no investment maximum damage point and next optimal
point above this gap. This gap and subsequent increase in net cost is due
to the fixed start up cost of dikes assumed in the iCOW module that does
not occur in van Dantzig’s model (van Dantzig, 1956), for instance, as imple-
mented by Oddo et al. (2017). Additionally, because the iCOW framework
increases damage behind a dike if the dike fails or is breached, at very low
dike heights, total damage increases with increased dike height. The BORG
MOEA algorithm therefore does not identify any optimal solutions in these
dike height ranges. See discussion in 2.4.3.
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Figure A.6: iCOW emulation of ‘van Dantzig style’ optimal dike height. The optimal dike
height occurs when the net cost is minimized, equating to a dike height of approximately
5.5m.
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Appendix B. Relationship between states of the world evaluated
and wall time
Each iCOW framework state of the world consists of an exogenous 50-
year sequence of storm surges. The representation of risk associated with
the most extreme storm surges improves with more states of the world eval-
uated. Evaluating more states of the world, however, adds computational
cost. To understand this relationship, we measure the computational wall
time required to conduct five lever iCOW optimizations using 1 to 20,000
states of the world for 100,000, 500,000, and 1 million functional evaluations
(Fig. B.7). We select 5,000 states of the world as a compromise between com-
putational efficiency and stable results for use in all experiments described
in this article.
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Figure B.7: Relationship between computational cost and states of the world evaluated.
The wall time in seconds (y-axis) required to evaluate states of the world (where one state
of the world is a 50 year sequence of annual highest storm surges) (x-axis)
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Appendix C. iCOW model parameters
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Table C.3: iCOW parameters
Name Value Unit Description
vi 1.5 $T initial city value
B 30 m building height
Hcity 17 m height of the city
Depthcity 2 km distance from seawall to highest point
Lengthcity 43 km length of the lowest (seawall) coast
Hseawall 1.75 m seawall height
Dike 3 m equivalent height added to actual height
start so larger dikes have larger startup costs.
Dike top 4 m controls the width of the dike top to
width adjust dike volume.
s 0.5 m slope of the dike sides.
Dike cost 10 $/m3 dike cost per volume
Dike value 1.1 n/a controls increase in value for areas
ratio protected by a dik
unprotected 1.0 n/a controls increase in value for areas
ratio protected
fw 1.0 none withdrawal factor adjusting cost to relocate
Withdrawal 0.01 n/a fraction of population and infrastructure
fraction that will leave if withdrawn
flin 0.35 n/a Linear factor relating percent resistant to
resistance cost.
fexp 0.9 n/a Factor for exponential cost increase when
percent resistant ¿ texp.
texp 0.6 n/a percent resistant threshold above which
resistance cost increases exponentially.
Basement 3.0 m representative building height of damage
depth occurring when surge reaches building.
Futures 5000 n/a number of 50 year storm surge sequences
evaluated used for each BORG functional evaluation.
Borg 5000 $K BORG epsilon for 1 and 2 levers
epsilon 500 $K BORG epsilon for 4 and 5 levers
Pop˙initial 200 n/a initial Borg number of iCOW cities.
nfe 100 K number of Borg functional evaluations.
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Table C.4: iCOW damage algorithm parameters
Parameter Value Units Description
fdamage 0.39 none fraction of inundated buildings
damaged.
Protected 1.3 none increased damage that occurs in
damage factor protected areas if dike fails.
tdf 0.95 none dike height fraction above which failure
probability increases with surge height.
Threshold 1/375 none fraction of city value above which
level damage increases more rapidly.
Wave runup 1.1 none surge factor when surge exceeds seawall
height.
34
References
References
Aerts, J. C. J. H., Botzen, W. J. W., Emanuel, K., Lin, N., de Moel, H.,
Michel-Kerjan, E. O., 2014. Evaluating Flood Resilience Strategies for
Coastal Megacities. Science 344 (6183), 473–475.
Aerts, J. C. J. H., Lin, N., Botzen, W., Emanuel, K. A., de Moel, H., 2013.
Low-Probability Flood Risk Modeling for New York City: Low-Probability
Flood Risk Modeling for New York City. Risk Analysis 33 (5), 772–788.
Apel, H., Thieken, A. H., Merz, B., Blschl, G., 2004. Flood risk assessment
and associated uncertainty. Natural Hazards and Earth System Science
4 (2), 295–308.
Battjes, J. A., Gerritsen, H., 2002. Coastal Modelling for Flood Defence.
Philosophical Transactions: Mathematical, Physical and Engineering Sci-
ences 360 (1796), 1461–1475.
Bellomot, D., Pajak, Sparks, J., 1999. Coastal Flood Hazards and the Na-
tional Flood Insurance Program. Journal of Coastal Research Special Issue
NO. 28. Coastal Erosion Mapping and Management.
Bessette, D. L., Mayer, L. A., Cwik, B., Vezr, M., Keller, K., Lempert,
R. J., Tuana, N., 2017. Building a Values-Informed Mental Model for New
Orleans Climate Risk Management. Risk Analysis 37 (10), 1993–2004.
Ceres, R. L., Forest, C. E., Keller, K., Nov 2017. Understanding the de-
tectability of potential changes to the 100-year peak storm surge. Climatic
Change 145 (1), 221–235.
Coles, S., 2001. An Introduction to Statistical Modeling of Extreme Values.
Springer Series in Statistics. Springer Verlag, London.
Coles, S., Pericchi, L. R., Sisson, S., 2003. A fully probabilistic approach to
extreme rainfall modeling. Journal of Hydrology 273 (1-4), 35–50.
de Blasio, B., Bruno, J. F., 2014. New York City Hazard Mitigation Plan
2014. Hazard Mitigation Unit, New York City Office of Emergency Man-
agement.
35
Deb, K., Agrawal, S., Pratap, A., Meyarivan, T., 2000. A Fast Elitist Non-
dominated Sorting Genetic Algorithm for Multi-objective Optimization:
NSGA-II. In: Goos, G., Hartmanis, J., van Leeuwen, J., Schoenauer, M.,
Deb, K., Rudolph, G., Yao, X., Lutton, E., Merelo, J. J., Schwefel, H.-P.
(Eds.), Parallel Problem Solving from Nature PPSN VI. Vol. 1917. Springer
Berlin Heidelberg, Berlin, Heidelberg, pp. 849–858.
FEMA, 2011. FEMA P-55, Coastal Construction Manual: Principles and
Practices of Planning, Siting, Designing, Constructing, and Maintaining
Residential Buildings in Coastal Areas, 4th Edition (2011), 4th Edition.
Federal Emergency Management Agency, Mitigation Directorate, Wash-
ington, DC.
FEMA, 2015. Guidelines for Implementing Executive Order 11988, Flood-
plain Management, and Executive Order 13690, Establishing a Federal
Flood Risk Management Standard and a Process for Further Soliciting and
Considering Stakeholder Input. Federal Emergency Management Agency,
Mitigation Directorate, Washington, DC.
Fischbach, J., Johnson, D., Molina-Perez, E., 2017. Reducing Coastal Flood
Risk with a Lake Pontchartrain Barrier. RAND Corporation.
Fischbach, J. R., Rand Gulf States Policy Institute (Eds.), 2012. Coastal
Louisiana risk assessment model: technical description and 2012 coastal
master plan analysis results. No. TR-1259-CPRA in Technical report.
Rand Corp, Santa Monica, Calif, oCLC: ocn817540572.
Flowerdew, J., Horsburgh, K., Wilson, C., Mylne, K., 2010. Development
and evaluation of an ensemble forecasting system for coastal storm surges.
Quarterly Journal of the Royal Meteorological Society 136 (651), 1444–
1456.
Galloway, G. E., Baecher, G. B., Plasencia, D., Coulton, K. G., Louthain, J.,
Bagha, M., Levy, A. R., 2006. Assessing the adequacy of the national flood
insurance programs 1 percent flood standard. Water Policy Collaborative,
University of Maryland. College Park, Maryland.
Garner, G. G., Keller, K., 2018. Using direct policy search to identify ro-
bust strategies in adapting to uncertain sea-level rise and storm surge.
Environmental Modelling & Software 107, 96–104.
36
Gerritsen, H., 2005. What happened in 1953? The Big Flood in the Nether-
lands in retrospect. Philosophical Transactions of the Royal Society of
London A: Mathematical, Physical and Engineering Sciences 363 (1831),
1271–1291.
Grinsted, A., Moore, J. C., Jevrejeva, S., 2012. Homogeneous record of
Atlantic hurricane surge threat since 1923. Proceedings of the National
Academy of Sciences 109 (48), 19601–19605.
Grinsted, A., Moore, J. C., Jevrejeva, S., 2013. Projected Atlantic hurri-
cane surge threat from rising temperatures. Proceedings of the National
Academy of Sciences 110 (14), 5369–5373.
Groves, D., Kuhn, K., Fischbach, J., Johnson, D., Syme, J., 2016. Analysis to
Support Louisiana’s Flood Risk and Resilience Program and Application
to the National Disaster Resilience Competition. RAND Corporation.
Hadka, D., Reed, P., 2013. Borg: An Auto-Adaptive Many-Objective Evo-
lutionary Computing Framework. Evolutionary Computation 21 (2), 231–
259.
Hadka, D., Reed, P., 2015. Large-scale parallelization of the Borg multi-
objective evolutionary algorithm to enhance the management of complex
environmental systems. Environmental Modelling & Software 69, 353–369.
Hallegatte, S., Ranger, N., Mestre, O., Dumas, P., Corfee-Morlot, J., Herwei-
jer, C., Wood, R. M., 2011. Assessing climate change impacts, sea level rise
and storm surge risk in port cities: a case study on Copenhagen. Climatic
Change 104 (1), 113–137.
Harman, B. P., Heyenga, S., Taylor, B. M., Fletcher, C. S., 2015. Global
Lessons for Adapting Coastal Communities to Protect against Storm Surge
Inundation. Journal of Coastal Research 314, 790–801.
Highfield, W. E., Norman, S. A., Brody, S. D., 2013. Examining the 100-
Year Floodplain as a Metric of Risk, Loss, and Household Adjustment:
Perspective. Risk Analysis 33 (2), 186–191.
Huisman, J., Rings, J., Vrugt, J., Sorg, J., Vereecken, H., 2010. Hydraulic
properties of a model dike from coupled Bayesian and multi-criteria hy-
drogeophysical inversion. Journal of Hydrology 380 (1-2), 62–73.
37
Johnson, D. R., Fischbach, J. R., Ortiz, D. S., 2013. Estimating Surge-Based
Flood Risk with the Coastal Louisiana Risk Assessment Model. Journal of
Coastal Research, 109–126.
Jonkman, S. N., Hillen, M. M., Nicholls, R. J., Kanning, W., van Ledden,
M., 2013. Costs of adapting coastal defences to sea-level rise new estimates
and their implications. Journal of Coastal Research 290, 1212–1226.
Kerr, P. C., Donahue, A. S., Westerink, J. J., Luettich, R. A., Zheng, L. Y.,
Weisberg, R. H., Huang, Y., Wang, H. V., Teng, Y., Forrest, D. R., Roland,
A., Haase, A. T., Kramer, A. W., Taylor, A. A., Rhome, J. R., Feyen, J. C.,
Signell, R. P., Hanson, J. L., Hope, M. E., Estes, R. M., Dominguez, R. A.,
Dunbar, R. P., Semeraro, L. N., Westerink, H. J., Kennedy, A. B., Smith,
J. M., Powell, M. D., Cardone, V. J., Cox, A. T., 2013. U.S. IOOS coastal
and ocean modeling testbed: Inter-model evaluation of tides, waves, and
hurricane surge in the Gulf of Mexico: IOOS TESTBED: INTER-MODEL
EVALUATION. Journal of Geophysical Research: Oceans 118 (10), 5129–
5172.
Kok, d. J., Hoekstra, A. Y., 2008. Living With Peak Discharge Uncertainty:
The Self-learning Dike. Proceedings international Congress on Environ-
mental Modeling and Software.
Lee, B. S., Haran, M., Keller, K., 2017. Multidecadal scale detection time
for potentially increasing atlantic storm surges in a warming climate. Geo-
physical Research Letters 44 (20), 10,617–10,623.
Lempert, R. J., Groves, D. G., Popper, S. W., Bankes, S. C., 2006. A Gen-
eral, Analytic Method for Generating Robust Strategies and Narrative
Scenarios. Management Science 52 (4), 514–528.
Lewis, M., Bates, P., Horsburgh, K., Neal, J., Schumann, G., 2013. A storm
surge inundation model of the northern Bay of Bengal using publicly avail-
able data. Quarterly Journal of the Royal Meteorological Society 139 (671),
358–369.
Ligtvoet, W., Franken, R., Pieterse, N., van Gerwen, O.-J., Vonk, M., van
Bree, L., Jan van den Born, G., Knoop, J., Kragt, F., Paardekooper, S.,
Kunseler, E., van Minnen, J., Pols, L., Reudink, M., Ruuijs, A., Tennekes,
J., 2012. Climate adaptation in the Dutch delta, Strategic options for a
38
climate-proof development of the Netherlands. Tech. rep., PBL Nether-
lands Environmental Assessment Agency.
McNamara, D. E., Keeler, A., 2013. A coupled physical and economic model
of the response of coastal real estate to climate risk. Nature Climate
Change 3 (6), 559–562.
McNamara, D. E., Werner, B. T., 2008. Coupled barrier islandresort model:
1. emergent instabilities induced by strong human-landscape interactions.
Journal of Geophysical Research 113.
Mene´ndez, M., Woodworth, P. L., 2010. Changes in extreme high water
levels based on a quasi-global tide-gauge data set. Journal of Geophysical
Research 115 (C10).
New York City Special Initiative for Resilient Rebuilding, 2013. PlaNYC: A
Stronger, More Resilient New York. Special Report.
Oddo, P. C., Lee, B. S., Garner, G. G., Srikrishnan, V., Reed, P. M., Forest,
C. E., Keller, K., 2017. Deep uncertainties in sea-level rise and storm surge
projections: Implications for coastal flood risk management. Risk Analysis.
Orton, P., Georgas, N., Blumberg, A., Pullen, J., 2012. Detailed modeling of
recent severe storm tides in estuaries of the New York City region: storm
tides in new york city estuaries. Journal of Geophysical Research: Oceans
117 (C9), n/a–n/a.
Porthin, M., Rosqvist, T., Perrels, A., Molarius, R., 2013. Multi-criteria deci-
sion analysis in adaptation decision-making: a flood case study in Finland.
Regional Environmental Change 13 (6), 1171–1180.
Prahl, B. F., Boettle, M., Costa, L., Kropp, J. P., Rybski, D., 2018. Dam-
age and protection cost curves for coastal floods within the 600 largest
European cities. Scientific Data 5, 180034.
Sills, G. L., Vroman, N. D., Wahl, R. E., Schwanz, N. T., 2008. Overview of
New Orleans levee failures: lessons learned and their impact on national
levee design and assessment. Journal of Geotechnical and Geoenvironmen-
tal Engineering 134 (5), 556–565.
39
Slijkhuis, K. A. H., Van Gelder, P., Vrijling, J. K., 1997. Optimal dike height
under statistical-construction-and damage uncertainty. Structural Safety
and Reliability 7, 1137–1140.
Speijker, L. J., Van Noortwijk, J. M., Kok, M., Cooke, R. M., 2000. Opti-
mal maintenance decisions for dikes. Probability in the Engineering and
Informational Sciences 14 (01), 101–121.
Stevenson, A., 2010. Oxford dictionary of English, 3rd Edition. Oxford Uni-
versity Press, New York, NY.
Taflanidis, A. A., Kennedy, A. B., Westerink, J. J., Smith, J., Cheung, K. F.,
Hope, M., Tanaka, S., 2013. Rapid Assessment of Wave and Surge Risk
during Landfalling Hurricanes: Probabilistic Approach. Journal of Water-
way, Port, Coastal, and Ocean Engineering 139 (3), 171–182.
Tobin, G. A., 1995. The levee love affair: a stormy relationship? JAWRA
Journal of the American Water Resources Association 31 (3), 359–367.
US CFR 725 Executive Orders 11988, 1988. 18 CFR 725 - Implementation
of executive orders 11988, Floodplain management and 11990, protection
of wetlands.
US CFR 725 Executive Orders 11988, 2015. 18 CFR 725 - Executive Orders
11988, Establishing a Federal Flood Risk Management Standard and a
Process for Further Soliciting and Considering Stakeholder Input.
van Dantzig, D., 1956. Economic decision problems for flood prevention.
Econometrica 24 (3), 276–287.
Wing, O. E. J., Bates, P. D., Smith, A. M., Sampson, C. C., Johnson, K. A.,
Fargione, J., Morefield, P., 2018. Estimates of present and future flood
risk in the conterminous United States. Environmental Research Letters
13 (3), 034023.
Wong, T. E., Bakker, A. M. R., Ruckert, K., Applegate, P., Slangen, A.
B. A., Keller, K., 2017. BRICK v0.2, a simple, accessible, and transparent
model framework for climate and regional sea-level projections. Geoscien-
tific Model Development 10 (7), 2741–2760.
40
Zevenbergen, C., van Herk, S., Rijke, J., Kabat, P., Bloemen, P., Ashley,
R., Speers, A., Gersonius, B., Veerbeek, W., 2013. Taming global flood
disasters. Lessons learned from Dutch experience. Natural Hazards 65 (3),
1217–1225.
Zhu, T., Lund, J. R., 2009. Up or Out? — Economic Engineering Theory
of Flood Levee Height and Setback. Journal of Water Resources Planning
and Management 135 (2), 90–95.
41
